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ABSTRACT 
 
While the subjective measures of hunger and satiety are often used in the context of 
appetite research, their correlations with food intake seem to vary substantially, 
ranging from tenuous to moderate. The purpose of the present study was to utilize 
multilevel mixed models with marginal and conditional correlation coefficients to 
quantify the relationship between (a) the perception of pre-meal hunger and 
subsequent intake, (b) the change in hunger across a meal and the amount consumed, 
(c) the perception of satiety following a meal and the amount consumed at that meal, 
and (d) the change in satiety across a meal and the amount consumed while accounting 
for between subject and within subject variability. One hundred fourteen participants 
were asked to self-report on hunger and satiety before and after lunch and dinner via 
monopolar numerical rating scales as well as record the weight of each meal via 
portable scales on three different days. The average consumption per meal was 359 
grams (95% CI [328, 390]). Gender had a significant effect on consumption  
(p = 0.001) as males consumed a mean of 436 grams (95% CI [384, 488]) compared to 
females (323 grams, 95% CI [287, 359]). Meal also had a significant effect on 
consumption (p = 0.007) as participants consumed more at dinner (393 grams, 95% CI 
[359, 426]) compared to lunch (325 grams, 95% CI [291, 359]). When accounting for 
the random effect of participant ID, which factored in between subject and within 
subject variability, our multilevel mixed-effects models explained  50-55% of the 
variability observed in consumption and displayed significant effects on intake for 
gender (p = 0.0011), meal (p < 0.0001), pre-hunger (p < 0.0001), change in hunger  
  
(p < 0.0001), pre-satiety (p = 0.0005), and change in satiety (p < 0.0001); however, 
when not accounting for the random effect of participant ID, the models could only 
account for 4-9% of the variability observed in consumption.  Between subject 
variability contributed to approximately 45% of the random effect of participant ID, 
whereas within subject variability contributed roughly 55%. This suggests that when 
only accounting for between subject variability, the predictive power of hunger and 
satiety on intake in our models would have been somewhat limited. It is likely that our 
models captured a number of factors affecting within subject variation to some degree.  
Without being able to measure and disentangle their effects on intake, it is difficult to 
discern the true effects of hunger and satiety on consumption. As it stands, when 
accounting for between and within subject variability, hunger and satiety were 
moderately predictive of food intake in our sample. 
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INTRODUCTION 
 
         A recent Pubmed search (June 29, 2019) of the medical literature revealed 6,042 
studies that contained the word “hunger” and 12,410 studies that used the word 
“satiety”. Indeed, such terms are commonly used in the context of appetite research to 
explain why humans consume and terminate a given meal.  
 
         Implicit in these types of studies is the idea that eating behavior is driven by 
hunger and satiety. If this were the case, then a high correlation should exist between 
pre-meal hunger and/or change in hunger across a meal and the amount consumed at 
that meal. Likewise, satiety after the meal and/or changes in satiety across a meal 
should correlate highly with the amount consumed. 
 
         While it has been common practice to utilize these subjective measures in 
appetite research, hunger and satiety ratings often fail to correlate with energy intake.1-
9 When they do, such correlations vary substantially, ranging from tenuous to 
moderate.10-13 Furthermore, few studies have investigated the efficacy of using such 
measures for the study of food intake in humans.14-16 In a recent review, it was found 
that only 6 out of 39 reports found consistent, statistically significant correlations 
between appetitive sensations and intake.16 In one such study, while a moderate 
correlation between hunger and food intake within the same hour was observed with 
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group data (r = 0.50, p < 0.02), the relationship was weak across individuals with 
correlations ranging from 0.002 to 0.38.15 
 
         The purpose of the present study was to utilize multilevel mixed models with 
marginal and conditional correlation coefficients to quantify the relationship between 
(a) the perception of pre-meal hunger and subsequent intake, (b) the change in hunger 
across a meal and the amount consumed, (c) the perception of satiety following a meal 
and the amount consumed at that meal, and (d) the change in satiety across a meal and 
the amount consumed while accounting for between subject and within subject 
variability. 
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METHODS 
 
Subjects 
         One hundred fourteen students, aged 19-26 years, were recruited through a 
Cornell University undergraduate course and received extra credit for participating. 
The study was approved by Cornell University’s Institutional Review Board (IRB) for 
Human Participants. 
 
Protocol 
         After initial recruitment, participants attended a study briefing during which the 
purpose of the experiment was explained and a written informed consent was given. 
Information regarding age, gender, cell phone number, and approximate mealtimes for 
lunch and dinner over the next week was collected. In addition, each of the subjects 
received a small, portable scale (Joseph Joseph 40071 Tri Scale) and were given a 
demonstration of its use. Beginning a week following the briefing, participants were 
asked to self-report on hunger and fullness (satiety) before and after lunch and dinner 
on three different days (Monday, Wednesday, and Friday) via monopolar numerical 
ratings scales (Appendix A1). For each meal, all rating scales and responses were 
communicated through text messages. Hunger and satiety were presented on these 
scales as ratings from 1 to 7 with anchors at each endpoint such that 1 represented 
feeling not hungry/not satiated at all and 7 represented feeling extremely hungry/ 
extremely satiated. The subjects were also asked to report the weight of each meal 
being recorded in grams before and after consumption during this week using the 
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portable scales. For each test meal, participants were sent a reminder text message 30 
minutes prior to their designated mealtime and allowed up to two hours to respond 
with their initial pre-meal weight, hunger rating, and satiety rating. Twenty minutes 
after receiving the initial pre-meal responses, researchers sent a follow-up text to 
collect post-meal responses. Participants were again given up to two hours to respond 
with their post-meal weight, hunger rating, and satiety rating. If the participants failed 
to respond to the initial post-meal message, they were sent another notification asking 
them to do so. If no response was received, the meal was omitted from analysis. The 
experimental workflow during data collection is depicted in Figure 1. Following data 
collection, the participants attended a study debriefing where the portable scales were 
collected and remaining questions concerning the study were addressed. 
 
 
Figure 1. Experimental workflow of data collection. 
20 Minutes After Dinner
Hunger Rating Satiety Rating Weight of Meal (g)
30 Minutes Before DInner
Hunger Rating Satiety Rating Weight of Meal (g)
20 Minutes After Lunch
Hunger Rating Satiey Rating Weight of Meal (g)
30 Minutes Before Lunch
Hunger Rating Satiety Rating Weight of Meal (g)
Monday, Wednesday, and Friday
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Statistical analysis 
         The study followed a within-subjects experimental design. For each participant, 
changes in hunger and satiety ratings were calculated for every meal as the difference 
between pre and post meal ratings, and consumption was calculated as the difference 
between pre and post meal weights.  Univariate and bivariate analyses, including 
multivariate correlations, were performed. Multilevel linear regression was used to 
investigate the strength of the relationships between consumption and changes in 
hunger or satiety controlling for age, gender, meal, and day. To describe the amount of 
variance in consumption explained by both fixed and random factors in our mixed 
models, marginal and conditional r2 values, as described by Nakagawa and Schielzeth, 
were calculated.17 A two-tailed level p < 0.05 was set as the criterion for significance. 
All calculations were performed using JMP Pro (version 14.0.0) and RStudio (version 
3.6.0) for Windows 10. 
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RESULTS 
 
          A total of 677 meals were recorded. Twenty-four meals were removed from 
analysis due to incomplete data. The sample included 36 males and 78 females, and 
the average consumption per meal was 359 grams (95% CI [328, 390]).  
 
         As seen in Figure 2, gender had a significant effect on consumption (p = 0.001) 
as males consumed a mean of 436 grams (95% CI [384, 488]) compared to females  
(323 grams, 95% CI [287, 359]).  
 
 
 
Figure 2. Mean amount consumed as a function of gender controlling for the random 
effect of participant ID. Each error bar was constructed using a 95% confidence 
interval of the mean 
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          Meal also had a significant effect on consumption (p = 0.007) as participants 
consumed more at dinner (393 grams, 95% CI [359, 426]) compared to lunch  
(325 grams, 95% CI [291, 359], Figure 3).  
 
 
Figure 3. Mean amount consumed as a function of meal controlling for the random effect of 
participant ID. Each error bar was constructed using a 95% confidence interval of the mean. 
 
 
         In addition, the day on which the test meals were consumed did not have a 
significant effect on consumption; however, participants did consume more per meal 
as the week of data collection progressed, with an mean of 347 grams (95% CI [311, 
383]) per meal on the first day, 356 grams (95% CI [320, 392]) per meal on the second 
day, and 366 grams (95% CI [330, 402]) per meal on the third day (Figure 4). No 
relationship was observed between consumption and age (range 303 to 513 grams, 
Figure 5).   
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Figure 4. Mean amount consumed as a function of day controlling for the random 
effect of participant ID. Each error bar was constructed using a 95% confidence 
interval of the mean. 
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Figure 5. Mean amount consumed as a function of age controlling for the random effect of 
participant ID. Each error bar was constructed using a 95% confidence interval of the mean. 
 
         Pre-hunger rating was highly positively correlated with Δ hunger rating  
(r = 0.81, p < 0.0001) as well as negatively correlated with pre-satiety rating  
(r = -0.65, p < 0.0001) and Δ satiety rating (r = -0.58, p < 0.0001), as seen in Figure 6. 
Likewise, pre-satiety was found to be highly positively correlated with Δ satiety rating 
(r = 0.72, p < 0.0001) as well as negatively correlated with pre hunger rating  
(r = -0.65, p < 0.0001) and Δ hunger rating (r = -0.55, p < 0.0001, Figure 6). Because 
of these high correlations, separate models for pre-hunger rating, Δ hunger rating, pre- 
satiety rating, and Δ satiety rating were used. A summary of the fixed effects 
parameter estimates for each model can be seen in Table 1.  
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Figure 6. Scatterplot matrix of pre hunger rating in the first row, pre satiety rating in the 
second row, Δ hunger rating in the third row, and Δ satiety rating in the fourth row.   
          
         In model 1 with the fixed effects of gender, age, meal, day, and pre-hunger rating 
and the random effect of participant ID, significant effects on consumption were 
observed for gender (β = -111.12, t(110) = -3.34, p = 0.0011), meal (β = 63.27,  
t(516) = 4.76, p < 0.0001, and pre hunger rating (β = 31.06, t(87) = 5.63, p < 0.0001). 
The conditional and marginal correlation coefficients for this model were 0.50 and 
0.06, respectively.  
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         A similar pattern was seen in model 2 with the fixed effects of gender, age, meal, 
day, and Δ hunger rating and the random effect of participant ID. Significant effects 
on consumption were observed for gender (β = -97.05, t(115) = -2.99, p = 0.0034), 
meal (β = 62.29, t(533) = 4.84, p < 0.0001, and Δ hunger (β = 38.07, t(77) = 7.56,  
p < 0.0001). The conditional and marginal correlation coefficients for this model were 
0.55 and 0.09, respectively. 
 
         Likewise, in model 3 with the fixed effects of gender, age, meal, day, and pre 
satiety rating and the random effect of participant ID, significant effects on 
consumption were observed for gender (β = -116.87, t(110) = -3.54, p = 0.0006), meal 
(β = 66.72, t(539) = 5.00, p < 0.0001, and pre satiety rating (β = -25.69, t(90) = -3.62, 
p = 0.0005). The conditional and marginal correlation coefficients for this model were 
0.52 and 0.04, respectively. 
 
         Lastly, in model 4 with the fixed effects of gender, age, meal, day, and Δ satiety 
and the random effect of participant ID, significant effects on consumption were 
observed for gender (β = -102.78, t(112) = -3.02, p = 0.0031), meal (β = 62.39,  
t(535) = 4.80, p < 0.0001, and Δ satiety (β = -34.7, t(81) = -6.79, p < 0.0001). The 
conditional and marginal correlation coefficients for this model were 0.55 and 0.08, 
respectively. 
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Table 1. Summary of Model Fixed Effects Parameter Estimates with Consumption as Response 
Variable 
  
Predictors Model 1 Model 2 Model 3 Model 4 
Intercept 410 (-241, 106) 310 (-317, 937) 629 (-11, 1269) 485 (-166, 1137) 
Gender [F]a -111 (-177, -45)** -97 (-161, -33)** -117 (-182, -51)** -103 (-170, -35)** 
Age 8 (-39, 23) -2 (-32, 28) -8 (-39, 22) -10 (-41, 21) 
Day [2]b 9 (-23, 40) 13 (-18, 43) 2 (-29, 34) 8 (-23, 38) 
Day [3]b 24 (-8, 56) 23 (-9, 54) 23 (-9, 56) 23 (-9, 54) 
Meal [D]c 63 (37, 89)*** 62 (37, 88)*** 67 (41, 93)*** 62 (37, 88)*** 
Pre-Hunger 31 (20, 42)*** - - - 
Δ Hunger - 38 (28, 48)*** - - 
Pre-Satiety - - -26 (-40, -12)** - 
Δ Satiety - - - -35 (-45, -25)*** 
a The reference value for the nominal variable 'Gender' is male [M]. b The reference value for the 
nominal variable 'Day' is [1]. c The reference value for the nominal variable 'Meal' is lunch [L].  
** P < 0.01, *** P < 0.0001. Note: confidence intervals are at a level of 0.95. Parameter estimates 
are in grams of consumption. 
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DISCUSSION 
 
         Utilizing multilevel mixed-effects models for the investigation of the strength of 
relationships between consumption and hunger as well as satiety allowed for 
differences between and within groups, or individuals in this case, to be modelled as a 
random effect. In this way, the random effect was a proxy for individual variation in 
the sample captured by the models. The conditional r2 describes the proportion of 
variance explained by both fixed and random effects, whereas the marginal r2 
describes the proportion of variance explained by fixed effects alone.17 Analysis of the 
linear mixed model for pre-hunger rating revealed a significant linear relationship 
between pre-hunger rating and the amount consumed at a meal. Such a relationship 
could explain approximately 50% of the variation in meal intake when also accounting 
for the fixed effects of gender, age, meal, and day as well as the random effect of the 
subjects. However, when the random effect of participant ID was removed from the 
equation, the amount of variance in consumption that could be accounted for by the 
model was reduced to 6%.  Similarly, change in hunger ratings across the meal could 
account for approximately 55% of the variance in consumption. When the random 
effect of participant ID was removed, the percentage of variance in the amount 
consumed that could be accounted for by the model was reduced to 9%. 
  
         Measures of satiety show similar effects. The linear mixed model for pre-satiety 
could explain 52% of the variability observed in consumption, but when the random 
effect of the subjects was removed, the model could account for only 4% of the 
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variability observed in consumption. Change in satiety showed a similar pattern. When 
accounting for the random effect of participant ID, the mixed linear model for change 
in satiety could account for 55% of the variability in consumption, but the same model 
could account for only 8% of the variability observed in consumption when not 
accounting for subject variability.  
 
         Another way of viewing the significance of these findings is that for every unit 
increase in pre-meal hunger, we would expect an increase in consumption of 
approximately 30 grams. Likewise, for every unit change in hunger across a meal, 
consumption would be expected to change conversely by about 38 grams. A similar 
pattern is observed for satiety, where a one unit increase in pre-meal satiety would be 
expected to decrease consumption by approximately 26 grams. Moreover, for every 
unit change in satiety across a meal, we would expect an inverse change in 
consumption of about 35 grams. By themselves, each of these changes only accounts 
for approximately 10% of the mean overall consumption at a meal (359 grams); 
however, when considered with the fact that the average change in each of these 
measures was 2-3 units per meal, these findings become much more relevant, possibly 
contributing to up to 30% of consumption at a meal when also accounting for the 
random effect of participant ID. In addition, both gender and meal showed significant 
effects on consumption in our bivariate analyses as well as our multilevel linear 
regression modeling, approximately 100 and 60 grams, respectively, when accounting 
for between and within subject variation.  
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         With that said, between subject variability contributed to approximately 45% of 
the random effect of participant ID, whereas within subject variability contributed 
roughly 55%. When considering the disparity between the marginal and conditional 
correlation coefficients observed across our models, which was caused by the random 
effect of participant ID, and the contribution of each type of subject variability to that 
random effect, it would seem the predictive power of hunger and satiety as well as 
gender and meal on intake in our models would have been somewhat limited when 
only accounting for between subject variability.  
 
         A number of factors at the individual level have been found to affect food intake 
over the years, such as age, gender, ethnicity, physical activity, body mass index 
(BMI), education, alcohol consumption, and smoking status.18-28 More subtle factors, 
including mood, hedonic preferences and eating restraint, have also been implicated in 
affecting the consumption of food in humans.29-35 To compound the matter, the 
satiating effect of foods as a function of fiber and macronutrient composition have also 
been found to modulate food intake, in addition to environmental factors not 
immediately associated with the individual, such as food portion size and social 
facilitation of eating.36-42 Even though gender and age were the only two individual 
characteristics recorded for our sample, we were still able to capture the effect on 
consumption of various factors associated with between subject variability, such as 
those mentioned above. What remains to be seen, however, is how much these factors 
affected within subject variability, which was associated with over half of the variance 
in our response attributable to the random effect of participant ID.  
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         This study had several strengths. Although we were unable to identify exactly 
which individual characteristics affected consumption to such a great degree, using 
multilevel mixed models with a random effect for participant ID was a strength of the 
study. Doing so allowed us to capture the effect of individual variability within our 
sample on food intake. Utilizing conditional and marginal correlation coefficients was 
another strength of the study. Since mixed models yield a variance for the residuals as 
well as variances associated with each random factor, calculating a correlation 
coefficient relative to only the residual variance, like what is done in least squares 
regression, would be inappropriate. The conditional correlation coefficient addresses 
this by factoring in variance associated with random effects, and when used with a 
marginal correlation coefficient, allow for the visualization of the effects of random 
factors on a linear relationship.17 Duration of a study is another important 
consideration when investigating food intake as any effects observed at one meal, 
known as the acute food intake model, might be transient in nature.43 Collecting data 
for multiple meals a day over the course of a week was a strength as it allowed for the 
capture of effects on intake that would not have been detected in a single meal study. 
There is ample evidence in the literature that demonstrates the significant impact that 
positive food primes in our environment, such as advertising, portion size, and social 
facilitation, can have on food intake in humans.39-42 Using weighted intakes in a free-
living situation allowed for the capture of these effects on consumption, giving the 
study external validity.  
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         While the study did possess external validity, such research often lacks the 
interval validity of experiments performed in controlled laboratories. Studies 
performed in free-living situations struggle from a number of methodological 
problems, specifically with data collection, as participants often under report intake.43 
In addition to reporting bias, this study suffered from the fact that there were various 
other factors outside of the participants that could have contributed to the individual 
variation captured in our models. Unfortunately, it is impossible to control for such 
effects in a study on intake in a free-living situation such as this one. Furthermore, 
hunger and satiety ratings were only collected a half hour before and twenty minutes 
after each meal. Any effects possibly operating on these measures outside of this 
window were not detected. As such, the correlations captured by this study might be 
providing a restricted view of the true relationship between consumption and hunger 
as well as satiety. Lastly, although previous studies have revealed little difference 
between numerical category and line scales, they do possess weaknesses worth 
mentioning. First, category scales fall prey to a regression effect where subjects avoid 
marking end categories for fear that they will be unable to record more intense 
feelings afterwards. This reduces the number of points on the scale being used and 
ultimately, statistical results derived from them. In addition, unlike labeled magnitude 
scales, category scales are not ratio scales. In other words, a hunger rating of 4 on a 
numerical category scale is not necessarily twice the intensity of a hunger rating of 2. 
Furthermore, one cannot conclude that the sensations associated with the distance 
between 1 and 2 on this type of scale are the same as the distance between 6 and 7, as 
interpretations of these subjective feelings will most likely differ among subjects. 
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These weaknesses limit the mathematical level of the data, which ultimately affects 
the conclusions that can be drawn from them.43, 44-46 
 
         Attempting to correlate subjective measures such as hunger and satiety with an 
objective measure like that of food intake assumes that individuals perceive these 
sensations to the same degree, which is most likely not the case. Confounding the 
matter is the fact that different scales of varying specificity and sensitivity are often 
used to measure these appetitive sensations. Moreover, differences in methodology 
and statistical analyses yield potentially incomplete or skewed relationships between 
these subjective measures and consumption. Despite weak to moderate correlations 
between food intake and appetitive sensations, it is often posited that hunger and 
satiety are determinants of food intake. One could argue that if these subjective 
measures drove intake, much higher correlations would exist. A potential reason for 
this discrepancy is the possibility that the relationship between subjective sensations 
and consumption might be more complex, often affected to varying degrees by 
external factors which might not be measurable in certain experimental designs. It is 
likely that our models captured a number of factors affecting within subject variation 
to some degree.  Without being able to measure and disentangle their effects on intake, 
it is difficult to discern the true effects of hunger and satiety on consumption. As it 
stands, when accounting for between and within subject variability, hunger and satiety 
were moderately predictive of food intake in our sample. 
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APPENDIX 
 
Rating Scales 
“Hello participant HC-00, please indicate on a scale of 1-7 how hungry and full you 
are where 1= not at all hungry/not at all full and 7=extremely hungry/extremely full. 
Also note the weight of your food before eating.  
• Hunger before eating:  
• Fullness before eating:  
• Weight of food (in grams) before eating:”  
 
“Hello participant HC-00, please indicate on a scale of 1-7 how hungry and full you 
are where 1= not at all hungry/not at all full and 7=extremely hungry/extremely full. 
Also note the weight of your food after eating.  
• Hunger after eating:  
• Fullness after eating:  
• Weight of food (in grams) after eating:”  
 
 
 
